This paper proposes a method of constructing an accurate probabilistic subcategorization (SCF) lexicon for a lexicalized grammar extracted from a treebank. We employ a latent variable model to smooth co-occurrence probabilities between verbs and SCF types in the extracted lexicalized grammar. We applied our method to a verb SCF lexicon of an HPSG grammar acquired from the Penn Treebank. Experimental results show that probabilistic SCF lexicons obtained by our model achieved a lower test-set perplexity against ones obtained by a naive smoothing model using twice as large training data.
Introduction
This paper proposes a smoothing model for probabilistic subcategorization (SCF) lexicons of lexicalized grammars acquired from corpora. Here, an SCF lexicon consists of pairs of words and lexical (SCF) types (e.g, tree family), from which individual lexical entry templates are derived by lexical rules (Jackendoff, 1975; Pollard and Sag, 1994 ) (e.g., metarules: Becker (2000) and Prolo (2002) ). 1 Recently, the corpus-oriented approaches have enabled us to acquire widecoverage lexicalized grammars from large treebanks (Xia, 1999; Chen and Vijay-Shanker, 2000; Chiang, 2000; Hockenmaier and Steedman, 2002; 1 In the linguistic literature, the term 'lexical rules' is used to define either syntactic transformations (e.g., whmovement), diathesis alternations (e.g., dative shift) or both. In this paper, we use the term lexical rules to define syntactic transformations among lexical entry templates that belong to the same lexical type. Cahill et al., 2002; Frank et al., 2003; . However, a great workload is required to develop such large treebanks for languages or domains where a base bracketed corpus (e.g., the Penn Treebank: Marcus et al. (1993) ) is not available. When the size of the source treebank is small, we encounter the serious problem of a lack of lexical entries (unseen word-template pairs).
Previous studies investigated unseen wordtemplate pairs in lexicalized grammars acquired from the Penn Treebank (Xia, 1999; Chen and Vijay-Shanker, 2000; Hockenmaier and Steedman, 2002; Miyao et al., 2005) ; the words can be seen (sw) or unseen (uw), and similarly, the templates can be seen (st) or unseen (ut), so that there are four types of unseen pairs. All the studies reported that unseen (sw, st) pairs caused the major problem in lexical coverage. This paper focuses on a verb SCF lexicon, and employs a latent variable model (Hofmann, 2001) to smooth co-occurrence probabilities between verbs and SCF types acquired from smallsized corpora. If we can obtain such an accurate probabilistic SCF lexicon, we can construct a widecoverage SCF lexicon by setting the threshold of the probabilities (Yoshinaga, 2004) . Alternatively we can directly use the acquired probabilistic lexicon in supertagging (Chen et al., 2006) and probabilistic parsing .
We applied our method to a verb SCF lexicon of an HPSG grammar acquired from the Penn Treebank Nakanishi et al., 2004) . The acquired probabilistic SCF lexicons were more accurate than ones acquired by a naive smoothing model.
Related Work
In this section, we first describe previous approaches to the problem of unseen word-template pairs in the lexicalized grammars acquired from treebanks. We then address smoothing methods for SCF lexicons acquired from raw corpora.
Predicting unseen word-template pairs for lexicalized grammars
The problem of missing lexical entries has been recognized as one of the major problems in lexicalized grammars acquired from treebanks, and a number of researchers attempted to predict unseen lexical entries. In the following, we describe previous methods of predicting unseen (uw, st) and (sw, st) pairs, respectively. 2 Chiang (2000) , Hockenmaier and Steedman (2002) and Miyao et al. (2005) used a simple smoothing method to predict unseen (uw, st) pairs. They regarded infrequent words in the source treebank as unknown words, and assigned the lexical entry templates acquired for these words to unknown words. This treatment of unknown words substantially improved the lexical coverage, probably because infrequent words are likely to take only a few lexical entry templates (e.g., those for transitive verbs).
There are two types of approaches to predict unseen (sw, st) pairs. The first type of approaches (Chen and Vijay-Shanker, 2000; Nakanishi et al., 2004; Chen et al., 2006) exploited an organization of lexical entry templates studied in the linguistic literature; namely, individual lexical entry templates are grouped in terms of higher-level lexical (SCF) types. When a word takes a lexical entry template that belongs to a certain lexical type t, it should take all the other lexical entry templates that belong to t. To identify a set of lexical entry templates that belong to the same lexical type, Chen and VijayShanker (2000) associated the lexical entry templates with tree families in a manually-tailored LTAG (The XTAG Research Group, 1995) , Chen 2 Most of the previous studies attempted to avoid the problem of unseen (sw, ut) and (uw, ut) pairs by modifying the source treebank so as to generalize the resulting grammar; for example, Chen and Vijay-Shanker (2000) used a compact label set instead of one given in the original treebank. Nakanishi et al. (2004) predicted unseen (sw, ut) and (uw, ut) pairs for a given lexicalized grammar by newly creating unseen lexical entry templates using manually defined lexical rules. et al. (2006) converted the lexical entry templates into linguistically-motivated feature vectors, and Nakanishi et al. (2004) manually defined lexical rules. These methods, however, just translate the problem of unseen word-template pairs into the problem of unseen word-type pairs, and does not predict any unseen word-type pairs. We will hereafter refer to four types of unseen word-type pairs by (sw, sT), (sw, uT), (uw, sT), and (uw, uT) where sT/uT stand for seen/unseen lexical types.
Another type of the approaches has been taken by Hara et al. (2002) and Chen et al. (2006) to predict unseen (sw, st) pairs. Hara et al. (2002) conducted a hard clustering (Forgy, 1965) of words according to their lexical entry templates in order to find classes of words that take the same lexical entry templates. It will be difficult for the hard clustering method to appropriately classify polysemic verbs, which take several lexical types. Chen et al. (2006) performed a clustering of lexical entry templates according to words that take those templates in order to find lexical entry templates that belong to the same tree family. They reported that it was difficult to predict infrequent lexical entry templates by their method. These studies directly encode word-template pairs into vectors for clustering, which will suffer from the data sparseness problem.
In this study, we focus on probabilistic modeling of unseen word-type pairs in the lexicalized grammars, since we can associate lexical entry templates with lexical types by using the aforementioned methods (Chen and Vijay-Shanker, 2000; Nakanishi et al., 2004; Chen et al., 2006) . This reduces the number of parameters in the probabilistic models drastically, which will make it easier to estimate an accurate probabilistic model from sparse data.
Predicting unseen word-SCF pairs for pre-defined SCF types
There are some studies on smoothing SCF lexicons acquired for pre-defined SCF types from raw corpora (Korhonen, 2002; Yoshinaga, 2004) . These studies aimed at predicting unseen (sw, sT) pairs for the acquired SCF lexicons. Korhonen (2002) first semi-automatically determined verb semantic classes using Levin's verb classification (Levin, 1993) and WordNet (Fellbaum, 1998) , and then employed SCF distributions for represen-w c s
Figure 1: Probabilistic latent semantic analysis of a co-occurrence between words and SCFs tative verbs in each obtained verb class to calculate accurate back-off estimates for the verbs in that class. Yoshinaga (2004) conducted clustering of verbs according to their SCF confidence vectors, and then used the resulting classes to predict possible SCFs. Both studies successfully predicted unseen word-type pairs for the pre-defined SCF types.
PLSA-based Probabilistic SCF Lexicon
This section first applies the probabilistic latent semantic analysis (PLSA: Hofmann (2001)) to cooccurrences between verbs and SCFs, and then describes a PLSA-based smoothing model to estimate the co-occurrence probabilities.
PLSA to model co-occurrences between verbs and SCF types
We employ the probabilistic latent semantic analysis to model co-occurrences between words and SCF types, where the latent variables are classes whose members have the same SCF distribution. Our modeling is inspired by the studies by Schulte im Walde and Brew (2002) and Korhonen et al. (2003) , which demonstrated that a semantic classification of verbs can be obtained by clustering verbs according to their SCF distributions. 3 The PLSA is suitable for this task since it performs a kind of soft clustering, which can naturally handle highly polysemic nature of verbs. We assume that a lexicon of a lexicalized grammar is acquired from a source treebank. Let the conditional probability that a word w ∈ W appears as a member of a latent class c ∈ C be p(c|w), and each latent class c ∈ C takes an SCF s ∈ S with a conditional probability p(s|c). Here, W and S are a set of words and lexical types seen in the source treebank. When we assume that a word w occurs with a probability p(w), a cooccurrence probability between w and s, p(w, s), is given by:
Figure 1 shows our SCF modeling. This generative model has a smoothing effect since the number of free parameters becomes smaller than a simple tabulation model, which directly computes p(w, s) from the observed frequency, by setting the number of the latent variables to a small value.
We then apply a variant of the Expectation Maximization (EM) algorithm (Dempster et al., 1997) called tempered EM (Hofmann, 2001 ) to estimate parameters of this model. In what follows, We first derive the update formulas for the parameters in our model by the EM algorithm, and then explain the tempered EM algorithm.
We assume that the set of parameters θ t at the tth iteration is updated to θ t+1 at the next iteration, and refer to the individual parameters at the t-th iteration by p θ t (·). The update formulas for the individual parameters are derived by constrained optimization of Q(θ, θ t ), which defined by
where
and n(w, s) is the observed frequency of a cooccurrence between w and s in the source treebank. Using the Lagrange multiplier method, we obtain the updated parameters θ = θ t+1 which maximize the Q-function in Equation 1 as follows:
where n(w) is the observed frequency of a word w in the source treebank. The tempered EM is closely related to deterministic annealing (Rose et al., 1990) , and introduces an inverse computational temperature β to the EM Towards Accurate Probabilistic Lexicons for Lexicalized Grammarsalgorithm to reduce the sensitivity to local optima and to avoid overfitting. The update formulas for the tempered EM are obtained by replacing p θ t in the original formulas by the following equation 4 :
We follow Hofmann's approach (Hofmann, 2001) to determine the optimal value of β. We initialize β to 1 and run the EM iterations with early stopping (as long as the performance on held-out data improves). We then rescale β by a factor η (= 0.5, in the following experiments) and again run the EM iterations with early stopping. We repeat this rescaling until it no longer improves the result.
Smoothing model for SCF lexicons
We then use the PLSA model described in the previous section to obtain accurate estimates for the co-occurrence probabilities between words and SCFs. In this study, we focus on smoothing cooccurrence probabilities of word-type pairs for seen SCF types, (sw, sT) and (uw, sT). Acquisition of unseen SCF types (and corresponding templates) is beyond the scope of this study.
In what follows, we first mention a smoothing model for co-occurrence probabilities of (uw, sT) pairs, and then describe a smoothing model for cooccurrence probabilities of (sw, sT) pairs.
Estimation of word-type co-occurrence
probabilities for unknown words Following the previous studies (Chiang, 2000; Hockenmaier and Steedman, 2002; Miyao et al., 2005) described in Section 2.1, we calculate a cooccurrence probability between an unseen word w and a seen SCF type s as follows:
and μ i is a weight of each probabilistic model, which satisfies the constraint 2 i=1 μ i = 1. We estimate μ i by the EM algorithm using held-out data. 4 The interested readers are referred to the cited literature (Hofmann, 2001 ) to see the technical details.
In short, we regard infrequent words that appear less than or equal to m in the source treebank as unknown words, and use the observed frequency of SCFs for these words to calculate the co-occurrence probabilities. We assume p 0 unseen (s|w ) = p MLE (s).
Estimation of word-type co-occurrence probabilities for known words
To estimate a co-occurrence probability between a seen word w and a seen SCF s, we interpolate the following three models. The first model provides the maximum likelihood estimation (MLE) of the co-occurrence probability, which is computed by:
The second model provides a smoothed probability based on the PLSA model, which is calculated by:
where p(c|w) and p(s|c) are probabilities estimated under the PLSA model and n is the number of the latent classes. We should note that the above two models are computed using all the word-type pairs observed in the source treebank (including the word-type pairs for the infrequent words used in Equation 2).
The last model provides p MLE (s) in Equation 3, which is the maximum likelihood estimation of p(s). We combine these three models by linear interpolation:
In summary, when we regard words that appear less than or equal to m as unknown words, we obtain a co-occurrence probability of a word w and an SCF type s as follows: 5
5 We can use p n seen (s|w) to estimate the co-occurrence probabilities for the infrequent words (e.g., 0 < n(w) ≤ m). However, preliminary experiments showed that it slightly deteriorates the accuracy of the resulting probabilistic lexicons. In the following section, we compare the above smoothing model with a naive smoothing model, which estimates the co-occurrence probabilities only from p m MLE (s|w) and p MLE (s) as follows:
Experiments
We investigate the effect of our smoothing model on SCFs acquired for HPSG grammars.
Data and Settings
We start by extracting word-SCF pairs from Sections 02-21 of the Wall Street Journal (WSJ) portion of the Penn Treebank and their subset sections by use of the existing methods Nakanishi et al., 2004) . Table 1 shows the details of the acquired SCFs. The average number of SCF types acquired for each verb increases rather mildly with the size of the source treebank. However, when we focus on verbs that appeared in Section 2, the average number of SCF types for these verbs increases more rapidly (Figure 2 ). This is because most of frequent verbs appeared in Section 2, and such verbs took the larger number of SCF types than other infrequent verbs. Figure 2 also confirms that most of the 'frequent' SCF types were seen in a small portion of the treebank (WSJ Section 2). Thus, predicting unseen word-type pairs for seen SCF types will have more impact on the grammar coverage.
We then applied our smoothing model to the acquired SCF lexicons. We constructed five PLSA models p n PLSA (s|w) for each acquired set of word-SCF pairs by ranging the number of latent variables n from 40 to 640, and then obtained the linearinterpolated models (Equations 4 and 5) with m = 0, 1, 2. The PLSA models and the weights of the linear interpolation are estimated by using WSJ Section 22 as held-out data. To estimate the PLSA models, we ran the tempered EM algorithm 100 times, and chose the model that obtained the largest likelihood on the held-out data, because the estimation of the PLSA models is likely to suffer from local optima due to the large number of free parameters. To estimate the weight μ i of the models for unknown words p m unseen (s) in Equation 2, we used word-type pairs (in the held-out data) for the infrequent words and words that did not appear in the source treebank, (w ∈ {w|n(w) ≤ m}).
To evaluate the accuracy of the estimated cooccurrence probabilities, we employ the test-set perplexity, P P , which is defined by:
where W t and S t are a set of words and lexical types seen in the test data, N = w∈Wt n t (w), and n t (w) and n t (w, s) are the observed frequency of a word w and a co-occurrence between w and s in the test data, respectively. This measure indicates the complexity of the task that determines an SCF type for a given verb w ∈ W t with a model p(w, s). . This model indicates the difficulty of this task. The models naive and PLSA refer to the interpolated models with and without the PLSA model which are defined in Equations 4 and 5, respectively. The treatment of unknown words reduced the test-set perplexity (cf. the models with m = 0 vs. their counterparts with m = 1, 2), and the PLSA-based models further reduced the test-set perplexity compared to the naive models, when they were estimated using the same size of corpora. It is also noteworthy that we can achieve a lower test-set perplexity by making the number of latent classes of the PLSA model larger. The optimal number of the latent classes would be between 320 and 640. The probabilistic SCF lexicons obtained with our PLSA-based models achieved a lower test-set perplexity against ones obtained with naive models with twice as much training data (cf. naive (m = 1) estimated with WSJ Section 02-21 vs. PLSA ((m, n) = (1, 640)) estimated with WSJ Section 02-11), and even improved the accuracy of the probabilistic SCF lexicon when we use the large source treebank (cf. naive and PLSA estimated with WSJ Section 02-21). Table 3 shows a test-set perplexity against word-SCF pairs acquired from WSJ Section 24, when the test-set perplexity is calculated on all the SCF types observed in the source treebank. In this setting, only models in the same column can be fairly compared. For all the subsets of the treebank, our PLSA-based model achieved a lower test-set perplexity than the naive smoothing model.
Towards Accurate Probabilistic Lexicons for Lexicalized Grammars

Conclusion
We have presented a PLSA-based smoothing model for co-occurrence probabilities between verbs and SCFs to construct an accurate probabilistic SCF lexicon for a lexicalized grammar acquired from a small-sized corpus. We applied our smoothing model to SCFs for an HPSG grammar acquired from the Penn Treebank. The proposed smoothing model provided an accurate probabilistic SCF lexicon with a lower test-set perplexity against the one obtained with the naive interpolation model.
In future research, we plan to evaluate the acquired probabilistic SCF lexicon in terms of its contribution to the performance of supertagging (Chen et al., 2006) and probabilistic parsing Ninomiya et al., 2005) . We will apply our smoothing model to SCFs for LTAGs and other lexicalized grammars acquired from treebank, by using lexical rules (Prolo, 2002) to reduce lexical entries into lexical types. We will also investigate the correspondence between the verb classes obtained by our method and the semantic verb classes suggested by Levin (1993) and Korhonen and Briscoe (2004) .
